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Abstract
The New Zealand electricity sector, dominated by
hydroelectric generation, is arguably highly vulnerable
to climate change. While the current generation
resources seems adequate for maintaining security of
supply, in the face of climate change, inflow patterns
may change drastically and we need to reassess the
adequacy of generation resources. We introduce a novel
process for adjusting the historical inflow models to
represent various climate scenarios. Our methodology
is general and can be applied to any inflow data set
coupled with potential climate scenarios, to produce
post climate change inflow distributions. We will then
use Dynamic Outer Approximation Sampling Algorithm
(DOASA) [1] with a distribution of historical inflows,
as well as post climate change inflows, to balance the
hydro-thermal generation scheduling for New Zealand.
This, in turn, provides some insight into the possible
effects of climate change on the electricity generation
profile of New Zealand. We find that by 2035, at
a national scale, the average price and generation is
unlikely to be much affected, but the seasonality within
these parameters will likely change. Within this near
future horizon, we report that a reduction in annual
thermal generation may be offset by an average increase
in hydroelectric generation along the Waikato river
hydro scheme. However, by 2100, we anticipate a degree
of stress in the market due to an expected decrease in
water availability. In the worst case, we see that thermal
generation will increase to ensure the security of supply,
and higher prices may be observed.
1. Introduction
Climate change is likely to have an effect on
inflow patterns in various countries and jurisdictions.
Concurrently, many jurisdictions are transitioning
to renewable forms of energy generation. New
Zealand is a country that is striving to achieve
significantly lower levels of CO2 and other green
house gas emissions by 2050 and to this end is
planning much heavier reliance on renewable sources
of electricity generation. Currently, renewable sources
of electricity contribute approximately 85% of supply
to the New Zealand Electricity Market of which
60% is from hydro-generation [2]. New Zealand
is strongly dependent on effectively managing the
interplay between controllable storage of water for
generation and thermal resources. Thermal fuels, such
as natural gas and coal, provide security of supply in
years where water is scarce. As such, the sectors
vulnerability to climate change is of great interest to the
electricity industry and New Zealand as a whole.
It is generally accepted that there will be changes
in the climate attributable to increasing amounts of
greenhouse gas emissions in the atmosphere. The
impacts of these changes can include more frequent
ex-tropical cyclones, extreme rainfall events, fires,
higher storm surges and more days with extremely high
temperatures (New Zealand Climate Change Centre,
2010). Consequently, the trends observed in historical
meteorological data do not necessarily translate to
what we can expect in the future. Water availability
and hydropower generation is likely to be affected by
climate change subsequently altering the seasonality of
inflows into reservoirs. There is a large and longstanding
body of literature on the topic of stream flows (see
e.g. [3, 4, 5]). Much of the literature to date is
concerned with the effects of climate change on water
resources for drought risk characterization and water
resource vulnerability (see e.g. [6, 7, 8]). As the
main objective of our study is to gain some insight
into the impact of climate change on the electric
sector of a hydro-rich jurisdiction, we need inflow
models that can be incorporated into hydro-electric
reservoir planning via stochastic optimization. This
places some very particular requirements on them.
There should be an unforeseeable random innovation
at every time step (so that the optimal strategy cannot
be unrealistically clairvoyant), but the innovation should
ideally take the form of finitely many possible scenarios
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(so that the optimal strategy is computable). It is
also important that the auto-correlation structure of
inflows is properly captured. In the past this has
been done using auto-regressive lag-1 models (see e.g.
[9]) or auto-regressive moving average models (see
e.g. [10]), however their shortcomings, mainly the
restrictive modelling assumptions, have been recognized
(see [11]). Hydro-electric reservoir planning through
this kind of stochastic optimization was first explored
in [12].
This paper details the construction of a framework
to model historical inflow trends through quantile
regression models, which can simulate these trends
in stochastically generated sequences. Quantile
regressions is a versatile and relatively non-restrictive
form of modelling inflows. We, then, develop a
novel process for adjusting these models to describe
the climate scenarios defined by the National Institute
of Water and Atmospheric Research (NIWA). We
use these adjusted models to study the hydrological
and hydropower impact of these changes within the
New Zealand Electricity Market (NZEM). In this
study, we have left the demand, the configuration of
the transmission grid and the rest of the electricity
generation fleet as they are today (in 2019). Factors
such as electricity demand may of course be changed
to follow a distribution of its own following climate
change, such as investigated in [13]. While we use New
Zealand as our case study, our methods are general and
may be applied anywhere. Utilizing New Zealand as a
case study makes this a real world problem. All analysis
in this paper, unless otherwise stated, was conducted
using the statistical software R (R Core Team, 2016).
All code and data is available from the authors upon
request.
2. Methods
2.1. Inflow models
Our baseline hydro inflow model is similar to that
of Pritchard [14]. Weekly inflows have a distribution
modelled by a quantile regression ([15]) of the following
form:
Ft = q(t) + p(t)Ft 1, (1)
where Ft is the inflow at time t and
p(t) =  0 +
2X
k=1
( sk sin(k!t) +  
c
k cos(k!t))
(similarly q(t)) is a second-order trigonometric
polynomial. Here ! = 2⇡ per annum and  0,  sk,
and  ck are fitted coefficients. The model resembles a
lag-1 autoregressive process, except that the coefficients
may slowly vary to reflect annual seasonal variation
in the distribution and the autocorrelation structure of
inflows. Figure 1 illustrates 11 fitted models of this
kind, corresponding to the 1st, 2.5th, 5th, 10th, 30th,
40th, 50th, 70th, 85th, 95th, and 99th percentiles of the
conditional distribution of inflows in the Manapouri
catchment (see below). These were chosen to best
represent the spread in the data. Higher resolution has
been used at the extremes to better represent high and
low inflow events.
2.2. Synthetic inflow generation
A set of quantile regressions such as those depicted
in Figure 1 can be turned into a stochastic model for
the inflows in a single catchment. At each time step
t, one of the regressions is selected at random and
used to predict the inflow Ft via (1). Simulation of
the resulting stochastic process provides a means of
generating arbitrarily many synthetic inflow sequences.
Note that although this process has a continuous state
space, the random innovation at each step is discrete
(with only finitely many possibilities).
The random choice among available regressions
could be made in several ways; some possibilities
are shown in Figure 2. However, the distribution
of inflows will be best matched if the probability
of a particular regression being selected reflects the
percentile of the distribution for which the regression
was fitted. This leads to the following scheme (denoted
”Uniform Sampling” in Figure 2): if model i is a
quantile regression for the pi quantile (0 < pi < 1),
then it should be chosen with probability |{p : |p pi| <
|p pj | 8j 6= i}|. For example, if the regressions are for
the 0.05, 0.2, 0.6, and 0.9 quantiles, the corresponding
probabilities are 0.125, 0.275, 0.35, and 0.25. This
choice is made independently at different time steps.
To extend this technique to a multivariate process
representing several catchments, we must consider
spatial correlations between the catchments. A fairly
simple way of handling this is possible if the catchments
can be grouped into clusters, in such a way that the
inflows have high spatial correlation within clusters and
low correlation between clusters.
In the case of New Zealand, this can be achieved
with two clusters: North Island and South Island.
An alternative three-cluster solution, with somewhat
greater modelling accuracy, splits the South Island into
one cluster comprising the Waitaki system and another
comprising the Clutha and Manapouri catchments.
Each catchment has its own set of regressions of
the form (1); the quantiles pi have the same values
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Figure 1. Quantile regression modelling demonstrating seasonal patterns.
Figure 2. Comparison of various sampling techniques to the historical data for Manapouri inflows.
for all catchments in a cluster. The random choice of
regression model at any time step t is shared between
all catchments in a cluster, but is independent between
clusters.
2.3. Adjusting models for climate change
Having established a stochastic model of type (1) for
inflows in the (assumed stationary) present-day climate,
we now consider how to modify it to reflect inflows
in other climates. Our starting point is the predicted
changes in precipitation and snowpack given in [16] and
[17] for the standard set of Representative Concentration
Pathways established by the IPCC ([18]). For example,
the RCP8.5 pathway for the near future (to the year
2035) is associated with the (relative) changes to inflows
into the six major New Zealand catchments given in
Table 1.
Table 1. Seasonal inflow adjustments under NF
RCP8.5, for lakes Manapuri, Tekapo, Pukaki, Ohau,
Hawea and Taupo.
Catchment Summer Fall Winter Spring
MAN -0.08 0.01 0.12 -0.05
TEK -0.1625 0.0625 0.1875 -0.0625
PUK -0.1625 0.0625 0.1875 -0.0625
OHA -0.15 0.05 0.2 -0.1
HAW -0.0875 -0.05 0.1875 -0.075
TAU 0.05 -0.025 0.125 -0.025
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In order to modify our stochastic inflow models
in a way that reflects these changes to the marginal
distributions of inflows, we developed the following
process. First, the value of Ft given by (1) is
tabulated for all inputs (t, Ft 1) in a discretized grid:
52 equally-spaced times of year t and an equally-spaced
sequence of prior-inflow values between zero and
the maximum historically observed inflow for the
catchment. For each entry in this table, the Ft 1
and Ft values are adjusted by multiplication by the
appropriate entry from Table 1 (or its counterparts for
other concentration pathways). The quantile regression
models are then re-fitted to this adjusted data.
Synthetic inflow sequences from the new models can
then be checked to ensure that the required distributional
changes have been effected, as illustrated in Figure 3.
Figure 3. Average inflows for lake Taupo for
historical , near future and mid-century post climate
scenarios.
3. Hydro-thermal scheduling for efficient
electricity generation
In any electricity market where a significant part
of generation is from hydro resources, it is important
to consider the distribution of inflows over a planning
time horizon, in order to find the most efficient balance
of hydro versus thermal resource usage over that time
horizon. Such problems are often captured as stochastic
programs where a reservoir’s water level (or available
capacity for generation) is carried from one time epoch
to the next and a distribution of inflows captures the
main uncertainty in the problem. Solution techniques
for this type of problem date back to the seminal paper
of Pereira and Pinto [12], although there have been
continual algorithmic improvements for this type of
problem (see e.g. [19]).
To obtain the optimal balance of hydro-thermal
utilization in pre and post climate scenarios we used
Dynamic Outer Approximation Sampling Algorithm
(DOASA), a software developed for this purpose and
tailored to the study of New Zealand’s electricity system
provided by the New Zealand Electricity Authority (see
[1]). The DOASA model uses weekly stages. A
calendar year is divided into 52 weeks. A plan year
is typically a year of 52 weeks with the starting week
chosen to be a particular week in the plan year and a
fixed number of weeks used. Inflows are sampled from
a file that records weekly inflows. We are therefore able
to provide sample paths of inflows for each catchment
in DOASA using our methodology above for both
historical and post climate distributions. The New
Zealand system is represented in DOASA as depicted
in Figure 4 below. In particular DOASA considers the
main six hydro catchments of New Zealand and assumes
a three node linear representation of the NZ transmission
network. We note that DOASA treats inflows as
stage-wise independent. Clearly this assumption is
unrealistic, so to compensate DOASA uses an ad hoc
dependent inflow adjustment. For specific assumptions
on load blocks, value of lost load and other details of
the model including the dependent inflow adjustment we
refer the reader to the DOASA manual available from
[1].
Once we apply DOASA to the sequences of
inflows generated from the post climate change
distributions we find that the resulting thermal costs
increase in almost every week of the year. This
demonstrates significant increase in the utilization of
thermal resources particularly during the summer in the
Southern hemisphere. Such results are note-worthy as
they may have implications in terms of penetration of
renewable resources of energy such as wind, which is
intermittent and requires so called firming. It may be
that with further penetration of wind, we may need
even more thermal back up due to the changing inflow
patterns. The thermal utilization results may also
be of interest to find the best time of year for unit
maintenance. This likely not to be the summer season
post climate change.
It is also interesting to track the lake levels of a
catchment throughout the year, when hydro-thermal
scheduling is utilized. These so called spaghetti graphs
are depicted in Figures 6, 7 and 8 for the historical,
near future and mid-century projections of distributions
of inflows into lake Taupo. We note that using post
climate change inflow scenarios result is wider volatility
in the lake levels and the levels approach their minimum
possible allowed level more frequently. This means that
there are plausibly greater risks of outages in the future.
One use of synthetic inflow sequences, as generated by
our method, is that it allows for study of rare events. For
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Figure 4. NZ electricity system as represented in DOASA.
example we would be in a position to study what a one
in one hundred year flood may be like.
4. Conclusions
We have established a frame work for producing
synthetic sequences of inflows into hydro lakes. This
methodology is interesting and useful as post climate
change many countries and jurisdictions will experience
different patterns of inflows into their hydro catchments.
Of particular interest, is the impact of this varried
distribution on the optimal operation of an electricity
market. We have presented a case study for the New
Zealand electricity market and what may be note worthy
in post climate inflow scenarios. Our methodology is
general and can be used in any setting.
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Figure 6. Optimal operational lake levels as output from DOASA for 30 samples of historical inflows for lake
Taupo.
Figure 7. Optimal operational lake levels as output from DOASA for 30 samples of near future projected inflows
under scenario RCP 8.5 for lake Taupo.
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Figure 8. Optimal operational lake levels as output from DOASA for 30 samples of mid-century projected
inflows under scenario RCP 8.5 for lake Taupo.
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